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A B S T R A C T   
Climate observations and projections for Australia show an increase in warm temperature extremes, including the frequency, duration and intensity of heatwaves. 
Recent global scale studies have suggested that agricultural land-use management options, such as increasing crop albedo, could reducing local warming. Australia 
has approximately 3,727,210 km2 of cropland agricultural land-use, the majority of which is in southwest Western Australia and southeast Australia. This presents a 
potential opportunity to reduce regional warming via crop albedo enhancement. We use a regional climate model at 10 km resolution, to show that crop albedo 
enhancement of up to 0.1 could reduce monthly mean daily maximum temperatures by − 1.0 ◦C to − 1.2 ◦C, and monthly highest maximum temperatures by up to 
− 1.4 ◦C to − 1.6 ◦C during the cropping season. This cooling is approximately 3 times higher over Australia than global climate models predict. We highlight stronger 
cooling over southwest Western Australia as compared to southeast Australia, the opposite to global model studies which poorly resolve southwestern agricultural 
regions. The regional cooling was driven by a reduction in surface net shortwave radiation leading to a decrease in both sensible and latent heat flux of up to 50 W 
m− 2 and 20 W m− 2 respectively, when albedo is increased by up to 0.1. There were no cloud feedbacks or effects on precipitation. Our results highlight the 
importance of using regional climate models at a sufficiently high spatial resolution when investigating agricultural land-use management to reduce regional 
warming.   
1. Introduction 
The Paris agreement aims to “to strengthen the global response to the 
threat of climate change by keeping a global temperature rise this century well 
below 2◦C above pre-industrial levels and to pursue efforts to limit the tem-
perature increase even further to 1.5◦C”. Under current rates of warming, a 
global mean temperature increase of 1.5 ◦C relative to pre-industrial 
levels is expected to be reached between 2030 and 2052 (Allen et al., 
2018), or perhaps earlier depending on the phase of large-scale modes of 
climate variability such as the Interdecadal Pacific Oscillation (Henley 
and King, 2017). The impacts of global warming of 1.5 ◦C versus 2.0 ◦C 
for Australia include a reduction in the frequency of extreme heat events 
by 25% at lower levels of warming (King et al., 2017). These extreme 
heat events have very significant impacts on human health (e.g., Peng 
et al., 2011), infrastructure (e.g., McEvoy et al., 2012), and marine and 
terrestrial ecosystems (e.g., Ruthrof et al., 2018). Additionally, climate 
projections show that the frequency, intensity and duration of extreme 
heat events across Australia is projected to increase in the future (Cowan 
et al., 2014), exacerbating an observed trend in in extreme heat and 
heatwaves (Perkins-Kirkpatrick et al., 2016; Perkins et al., 2012). Irre-
spective of the success of reducing greenhouse gas emissions, Australia is 
likely to experience more temperature extremes over the coming 
decades, highlighting the urgent need to develop effective climate 
adaptation and mitigation strategies. 
The current rate of global warming is 0.2 ◦C per decade above pre- 
industrial levels (Allen et al., 2018), and current mitigation measures 
to reduce global greenhouse gas emissions have so far proven inade-
quate in slowing the rate of global warming (Friedlingstein et al., 2014; 
Rogelj et al., 2016). As a result, there has been significant discussion on 
two broad techniques to reduce warming, which are commonly referred 
to as geo-engineering. One is to remove carbon-dioxide from the at-
mosphere artificially (Mac Dowell et al., 2017). The other is to alter the 
radiative energy balance of the earth, often referred to as solar radiation 
management (SRM), to decrease the absorption of solar radiation at the 
Earth’s surface (e.g., Keith, 2000; Irvine et al., 2016). Examples of SRM 
techniques which aim at reducing warming globally, i.e., large-scale 
SRM, include the emission of stratospheric aerosols, and marine cloud 
brightening (e.g., Vaughan and Lenton, 2011). The effectiveness of these 
proposed measures have been assessed using idealized simulations with 
earth system models, for example, the Geoengineering Model Inter-
comparison (GeoMIP) project (Kravitz et al., 2011). Results show that 
these SRM techniques could theoretically reverse warming associated 
with a 4-fold increase in atmospheric carbon dioxide, however, 
considerable uncertainties remain about un-intended negative impacts 
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and consequences, such as impacts on the hydrological cycle (e.g., 
Dagon and Schrag, 2016) and agricultural productivity (e.g., Pongratz 
et al., 2012), as well as termination effects if SRM were implemented and 
suddenly stopped (e.g., Parker and Irvine, 2018). Other significant 
challenges with large-scale SRM include governance, costs of remedia-
tion of unintended negative impacts and intergenerational justice, as 
well as the significant infrastructure and maintenance costs of 
large-scale deployment of SRM (e.g., Robock et al., 2009; Goes et al., 
2011). As a result, large-scale SRM remains highly contentious (e.g., 
Preston, 2013). 
Land based SRM techniques on the other hand, have been argued to 
be significantly more cost effective, as these do not share the inherent 
disadvantages of large-scale SRM (e.g., Seneviratne et al., 2018). The 
aim of these techniques is to use existing agricultural croplands, which 
account for approximately 35%–40% of global land use (Ramankutty 
et al., 2008), to increase the albedo of the land surface. Costs associated 
with land-based SRM are significantly lower as these land areas are 
already managed. Indeed, existing practices can be altered to increase 
crop albedo by using different varieties, adopting conservative agricul-
ture via no-till farming to keep darker organic materials below the 
ground (and hence increase the albedo of the surface), use of irrigation 
for cooling, as well as other management approaches. These techniques 
have been the subject of numerous studies (Davin et al., 2014; Doughty 
et al., 2011; Hirsch et al., 2018, 2017; Seneviratne et al., 2018; Wilhelm 
et al., 2015) and they broadly conclude that land-based SRM has little 
impact on the global mean temperature, but can be an effective method 
to achieve regional cooling. These regional effects can be viewed as an 
advantage as it removes the issues associated with unintended remote 
impacts and does not require global governance structures as with 
large-scale SRM. 
Cropland agriculture is a key component of the Australian economy, 
with approximately 3,727,210 km2 used for agricultural production in 
2016–2017, including land for crops, grazing, forestry and other agri-
cultural purposes (Australian Bureau of Statistics, 2018). This agricul-
tural land is mostly divided into two key regions, the wheat-belt of 
southwest Western Australia and the Murray-Darling Basin in southeast 
Australia, which comprise approximately 50% each of Australia’s total 
cereal crop production (Australian Bureau of Statistics, 2008; Wilkinson, 
2019). These large areas of managed agricultural land-use offer an ideal 
opportunity to investigate the potential for crop albedo modification to 
reduce regional warming for Australia, and potentially mitigate against 
impacts of future warming. 
Studies using global earth system models typically do not represent 
agricultural land-use over the Australian continent adequately due to 
the relatively coarse resolutions of these models. For example, Ridgwell 
et al. (2009) investigated the impact of increasing crop albedo globally 
by 0.02, 0.04 and 0.08 using the HadCM3 model which has a 2.5◦ by 
3.75◦ degree resolution. They showed cooling of up to 1 ◦C could be 
achieved in the northern hemisphere, but showed little to no change in 
the southern hemisphere. Wilhelm et al. (2015) conducted simulations 
using the CESM model, which has a resolution of 1.9◦ by 2.5◦ degrees by 
increasing the albedo over all vegetated surfaces by 0.05, 0.10, 0.15 and 
0.20 over all vegetated surfaces. They showed preferential cooling of hot 
extremes, especially in the northern midlatitudes during the boreal 
summer. Hirsch et al. (2017) expanded on the work of Wilhelm et al. 
(2015) by using the CESM model at a resolution of 1.9◦ by 2.5◦ degrees, 
but focused on crop albedo enhancement and irrigation. They showed 
that crop albedo enhancement with irrigation was able to reduce 
warming by more than 2 ◦C in North America, Eurasia and India, and 
changes over the Australian continent were small and not statistically 
significant. 
An issue with all of the above studies is that at such coarse resolu-
tions, the agricultural regions over Australia are poorly represented, 
especially the southwest of Western Australia which is only represented 
by 2–3 grid cells. Additionally, these studies tend to focus on the boreal 
summer period (June-July-August), whereas the cereal cropping season 
in southern parts of Australia when crops are growing and photosyn-
thetically active is generally between July to October. Few studies have 
used regional climate models (RCMs) to investigate the potential for 
land-based SRM in reducing warming at the regional scale, however, to 
the best of our knowledge, these have all focused on the northern 
hemisphere (e.g., Davin et al., 2014). The few recent studies which have 
used RCMs to investigate land-based SRM in Australia have focused on 
urban land-use management (Imran et al., 2019, 2018; Jacobs et al., 
2018; Ma et al., 2017), rather than agricultural management. 
In this paper, we present the first study to examine the potential for 
crop albedo enhancements in Australia to reduce hot extremes during 
Fig. 1. (a) Model topography (m) for domain 1 and boundaries of domains 2 
(SWWA) and 3 (SEA) shown by dotted lines, (b–c) dominant land use category 
for domains 2 (SWWA) and 3 (SEA), (d–e) crop fractions for domains 2 (SWWA) 
and 3 (SEA), (e–f) population for domains 2 (SWWA) and 3 (SEA). Land-use 
categories in b-c follow the International Geosphere–Biosphere Programme 
(IGBP) as used in WRF for the Noah land surface model (1-Evergreen Needleleaf 
forest, 2-Evergreen broadleaf forest, 7-Open Shrublands, 8-Woody Savannas, 9- 
Savannas, 10-Grasslands, 12-Croplands, 13-Urban and Built-up, 16-Barren or 
sparsely vegetated). The population data shown in (e) and (f) is from the 
Australian Bureau of Statistics population data interpolated to the WRF domain. 
This is not used by the model, but shown here for illustration for results 
averaged across population densities shown later in the manuscript. 
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the cropping season, using a regional climate model at a resolution of 10 
km which can adequately represent the key agricultural regions of 
Australia. Idealized simulations are carried out by increasing crop al-
bedo during the growing season, to determine the maximum cooling 
benefits which could potentially be achieved if large-scale changes in 
agricultural practices were to be altered to increase crop albedo. 
2. Methods 
2.1. Study region 
This study focusses on the two key agricultural regions of Australia, 
the southwest of Western Australia (SWWA), and southeast Australia 
(SEA) (Fig. 1). SWWA experiences a Mediterranean climate with cool 
and wet winters and hot and dry summers (Gentilli, 1971). The region is 
one of Australia’s key regions of cereal crop production, with significant 
wheat production generating approximately 50% of Australia’s total 
wheat production, generating $2–3 billion for the Western Australian 
State economy each year (Wilkinson, 2019). Agriculture in SWWA is 
rain-fed with no irrigation and hence the growing season is based around 
the wet winter season. Regional climate projections for SWWA show an 
overall statistically significant increase in both maximum and minimum 
temperature across all seasons and a decline in winter rainfall (Andrys 
et al., 2017). SEA experiences a more temperate climate compared to 
SWWA, with no clearly defined dry season, but hot summers (Gentilli, 
1971). The region has two of the longest rivers in Australia and covers 
more than 1 million square kilometres. In contrast to SWWA, both 
dryland (rain-fed) farming and irrigation are used, with irrigation 
mostly used for dairy farming and cotton growing. Similar to SWWA, 
agriculture in SEA accounts for approximately 50% of total grain pro-
duction in Australia, which is mostly comprised of wheat, followed by 
barley. 
2.2. Model description and experiments 
We use the Weather Research and Forecasting (WRF) (Skamarock 
et al., 2019) version 4.0.2, a state-of-the-art and widely used regional 
atmospheric modelling system. The WRF model has been extensively 
used and evaluated for multi-decadal regional climate model simula-
tions over Australia (Andrys et al., 2015; Di Virgilio et al., 2019; Evans 
and McCabe, 2010; Firth et al., 2017; Kala et al., 2020), as well as the 
simulation of extreme heat events (Hirsch et al., 2019a; Kala et al., 
2015b). The model was configured with three nested domains as illus-
trated in Fig. 1. The outer domain has a resolution of 50 km, and the two 
inner nests have resolutions of 10 km each, and cover the two main 
agricultural regions of Australia; SWWA (domain 2) and SEA (domain 
3). All simulations were driven with 6 hourly lateral boundary condi-
tions from ERA Interim re-analysis (Dee et al., 2011) and simulations 
were carried out for 6 years from June to October, including El Niño, La 
Niña, and neutral periods (1983-La Niña, 1994-El Niño, 1997-El Niño, 
1998-La Niña, 2008-Neutral, 2010-La Niña). 
All simulations were carried out using the Noah land surface model 
(Chen and Dudhia, 2001), which is the most commonly used and 
extensively evaluated land surface model in WRF. Given that WRF is 
sensitive to physical parameterization options over both SEA and SWWA 
(Evans et al., 2012; Hirsch et al., 2019b; Kala et al., 2015a), we ran three 
ensembles to sample model structural variability (Table 1) based on 
these studies. The first ensemble used the Yonsei University planetary 
boundary layer (PBL) scheme with Monin-Obukhov similarity for the 
surface layer (Hong et al., 2006), the Rapid Radiative Transfer Model 
(RRTM) scheme for longwave radiation (Mlawer et al., 1997), the 
Dudhia scheme for shortwave radiation (Dudhia, 1989), and the 
Kain-Fritsch scheme for convection (Kain, 2004). The second ensemble 
differs from the first by using the Mellor-Yamada-Janjic PBL scheme 
with ETA scheme for the surface layer (Janjić, 1994), and the third 
ensemble differs from the first ensemble by using the Betts-Miller-Janjic 
scheme for convection (Betts and Miller, 1986). We do not carry out 
additional model evaluation against observations in this paper, as all 
these WRF configurations, which all use the Noah land surface model, 
have already been extensively evaluated over both SEA and SWWA by 
numerous studies against maximum and minimum temperature and 
precipitation observations, and shown to reproduce the observed 
climatology reasonably well (Andrys et al., 2016, 2015; Di Virgilio et al., 
2019; Evans et al., 2012; Evans and McCabe, 2010; Firth et al., 2017; 
Hirsch et al., 2019a, 2019c; Kala et al., 2015a). 
Simulations were carried out between June and October, with the 
first month discarded as spin-up and outputs analyzed from July to 
October (the growing season in Australia). All WRF simulations were 
configured to use albedo values for the different vegetation categories 
based on look-up tables rather than the use of climatological monthly 
mean albedo derived from remote sensing, which is more commonly 
used for the long-term regional climate simulations. Following Hirsch 
et al. (2017) and previous studies which have investigated albedo 
enhancement (Wilhelm et al., 2015), idealized experiments were carried 
out by increasing the albedo of crops by 0.02, 0.04, 0.06, 0.08 and 0.10 
(Table 2). As discussed in Hirsch et al. (2017), variations in albedo 
typically range between 0.01 to more than 0.1 for different cultivars of 
the same crop type. This can arise from various differences in leaf at-
tributes in addition to contributions from the background soil type and 
moisture content when scaled from leaf-level to ecosystem scales. 
Observational studies measuring the variation in leaf-level crop albedo 
include albedo variations of 0.01–0.06 across barley cultivars (Breuer 
et al., 2003; Febrero et al., 1998), 0.02 across soybean cultivars (Breuer 
et al., 2003), 0.05 across sorghum cultivars (Grant et al., 2003), 0.06 to 
0.1 in wheat cultivars (Uddin and Marshall, 1988), 0.08 to 0.1 across 
maize, sunflower and oat cultivars (Breuer et al., 2003; Hatfield and 
Carlson, 1979) and 0.14 for rye cultivars (Breuer et al., 2003). There-
fore, variations in crop albedo across the increments tested here reflect 
plausible changes within crop cultivars, and do not necessarily imply 
changing the crop species grown which may affect food production. 
The default minimum and maximum albedo for the Croplands land 
use category used by the Noah land surface model in WRF are 0.17 and 
0.23 respectively. The actual albedo is taken as 0.5*minimum albedo 
+0.5*maximum albedo. For the largest perturbation (+0.10), this leads 
to albedo values of 0.3. These values are within ranges of observed al-
bedo of wheat and barley in Australia, with past field observations 
reporting values of daily albedo ranging from 0.13 to 0.25 for wheat and 
from 0.14 to 0.36 for barley in southeast Australia (Piggin and 
Schwerdtfeger, 1973). In summary, a total of 108 simulations were 
Table 1 
WRF physics ensemble used in this study for the Planetary Boundary Layer 
(PBL), Surface Layer (SL), and Cumulus schemes. YSU is the Yonsei University 
PBL scheme, MYJ is Mellor-Yamada-Janjic PBL scheme, MO is Monin-Obukhov 
similarity, KF is the Kain-Fritsch scheme, and BMJ is the Betts-Miller-Janjic 
cumulus scheme.  
Ensemble PBL/SL scheme Cumulus scheme 
ENS1 YSU/MO KF 
ENS2 MYJ/ETA KF 
ENS3 YSU/MO BMJ  
Table 2 
Minimum and maximum crop albedo for all WRF simulations.  
Experiment Minimum Crop Albedo Maximum Crop Albedo 
CNTL 0.17 0.23 
+0.02 0.19 0.25 
+0.04 0.21 0.27 
+0.06 0.23 0.29 
+0.08 0.25 0.31 
+0.10 0.27 0.33  
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carried out (i.e., for 6 years, each of which had 1 control simulation and 
5 experiments with increasing crop albedo from 0.02 to 0.10 (Table 2), 
resulting in 36 simulations, with 3 ensembles, making a total of 108 
simulations). 
We note that we did not sample internal model variability by running 
additional WRF simulations with slightly different initial conditions. 
Recent work has shown that for very short WRF simulations (model 
initialized 1 day before the event(s) of interest), internal model vari-
ability can be comparable to the effect of structural variability (use of 
different physics options), but for longer simulations (several years), this 
becomes less important (Lavin-Gullon et al., 2020). Given the relatively 
large number of simulations (108), it was not possible to carry out 
further ensembles with different initial conditions. However, since we 
ran 6-month simulations and discarded the first simulation month, we 
are confident that this is long enough that effects of model structural 
variability would be more important than effects of internal variability. 
Indeed, recent work comparing WRF simulations over Australia, using 
the same version but with different physics options, has shown that the 
choice of radiation option can have a very large impact on simulated 
temperatures. Additionally, this work has also showed that different 
versions of WRF had overall similar performance as compared to two 
other regional climate models (Di Virgilio et al., 2019). This provides us 
with confidence in our choice of model, as well as our experimental 
design with three different WRF physics set-ups. 
2.3. Analysis 
We show results as monthly means, averaged over the 6 years, and 
across the 3 ensembles, unless otherwise stated, and only show results 
for domains 2 and 3 over SWWA and SEA respectively (Fig. 1 (b) and 
(c)), which have 10 km resolution. We first show changes in mean and 
highest monthly maximum temperature between the experiments and 
the control. To examine the drivers of the changes, daily maximum 
temperatures at each grid cell are sorted to extract the 1st, 5th, 10th, 
30th, 50th, 70th, 90th, 95th, and 99th percentiles. For every daily 
maximum temperature, the hour of occurrence was also saved, and 
corresponding variables (e.g., sensible heat flux, latent heat flux, 
incoming and outgoing radiation etc) were extracted at the same hour to 
examine the mechanisms. Changes between the experiments and control 
were calculated for each percentile and plotted as median changes, only 
for grid cells with greater than 60% cropland, with the interquartile 
range used to quantify spatial variability in the changes. 
We also use the land-atmosphere coupling metric derived from Dir-
meyer (2011) to focus on the covariance of sensible heat flux (HFX) and 
Fig. 2. Change (Experiment (EXP) minus Control (CNTL)) in monthly mean maximum temperature (TMAX, ◦C) in SWWA (domain 2) between the experiments with 
enhanced crop albedo by 0.02, 0.04, 0.06, 0.08, and 0.10 respectively and the control simulation. Results are averaged across all 6 years and across all 3 WRF 
ensembles (Table 1). 
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HFX here is the sensible heat flux at the hour that TMAX occurs. HFX 
and TMAX denotes the climatological means for a particular day of the 
year, and computed from the control simulations, and TMAX and HFX 
are the daily values from the experiments. N is the number of days over 
which IA is computed, and in this paper, we compute IA over a monthly 
time-scale. Positive IA values imply that changes in HFX drive changes in 
TMAX and denote a “land-driven” regime, whereas negative values 
denote an “atmosphere-driven” regime. Following Hirsch et al. (2019a), 
IA values are normalized by subtracting the spatial mean and dividing by 
the spatial standard deviation for ease of interpretation, and values 
greater than 0.2 denote strong land-atmosphere coupling. 
3. Results and discussion 
3.1. Effect of increasing crop albedo 
Figs. 2 and 3 show the mean monthly difference in maximum tem-
perature (experiment minus control) for each experiment, averaged 
across all ensembles and years for SWWA and SEA respectively. There 
are negligible changes in TMAX when crop albedo in increased by 0.02, 
and cooling gradually increases by up to − 1.0 ◦C to − 1.2 ◦C as crop 
albedo is increased by up to 0.10. The magnitude of cooling increases 
from cooler (July) to warmer (October) months, which is expected given 
higher solar radiation during summer. The magnitude and spatial extent 
of cooling is generally larger for SWWA as compared to SEA, and this is 
especially noticeable in October for experiment +0.10, with a much 
larger area of SWWA showing of up to − 1.0 ◦C to − 1.2 ◦C. The pattern of 
cooling in both regions are coherent and match the changes in albedo, 
and are limited in geographical extent to the regions of albedo increase. 
Figs. 4 and 5 are the same as Figs. 2 and 3, but show changes in the 
highest monthly maximum temperature. The overall results are similar 
Fig. 3. Same as in Fig. 2 expect for SEA (domain 3).  
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to the changes in the mean maximum, but with larger reductions of up to 
− 1.4 ◦C to − 1.6 ◦C as well as relatively small areas outside of the 
agricultural regions (Fig. 1) showing slight increases of up to 
0.4 ◦C–0.6 ◦C, especially for experiments with lower increases in crop 
albedo. This is associated with higher variability when considering 
changes in the monthly highest daily maximum as compared to the 
mean daily maximum. Differences in mean maximum temperature 
varied between different years, especially for SEA, which is a region 
strongly modulated by El Niño Southern Oscillation (ENSO), with strong 
El Niño conditions generally resulting in hotter and drier conditions, and 
strong La Niña years generally leading to wetter conditions. This is 
illustrated in Figs. S1 and S2, showing that differences were generally 
larger in 1994 (a strong El Niño year) versus 2010 (a strong La Niña 
year), showing that crop albedo modification is effective during periods 
when hotter than average conditions are expected. Differences between 
years were not as large for SWWA as compared to SEA (not shown). This 
is expected given that correlations between phases of ENSO and tem-
perature and precipitation is much weaker in SWWA as compared to SEA 
where correlations are generally stronger. Variations between the 3 
ensemble members are illustrated in Figs. S3 and S4 showing the change 
in mean maximum temperature for October for the +0.10 experiment 
(month and experiment with highest change) averaged over the 6 years, 
for SWWA and SEA respectively. ENS2 shows a larger response as 
compared to ENS1 and ENS3 for both SWWA and SEA, whereas ENS1 
and ENS3 show broadly similar responses, with ENS1 only showing a 
slightly higher response as compared to ENS3. ENS1 and ENS3 differ in 
the choice of cumulus scheme (Table 1), and since there was little to no 
change in convective precipitation (not shown), it is not surprising that 
the changes in mean maximum temperature between these two en-
sembles was small. ENS2 and ENS1 differ in the choice of boundary- 
layer scheme, and ENS2 and ENS3 differ in the choice of boundary- 
layer and cumulus scheme (Table 1), showing that the choice of PBL 
scheme can strongly modulate the maximum temperature response. This 
is consistent with previous studies using the WRF model, which have 
shown the impacts of land-use change on temperature extremes in 
Australia, can be strongly dependent on choice of PBL scheme in WRF 
Fig. 4. Same as in Fig. 3 except showing the change in highest monthly maximum.  
J. Kala and A.L. Hirsch                                                                                                                                                                                                                       
Weather and Climate Extremes 30 (2020) 100282
7
(Hirsch et al., 2015a). 
3.2. Cooling mechanism 
To investigate the mechanisms that explain the cooling, we examine 
changes in the different percentiles of maximum temperature and 
associated changes in key surface energy balance components (refer to 
section 2.3 in the Methods section). This is shown in Fig. 6 showing the 
median changes in TMAX for each percentile (1st, 4th, 10th, 30th, 50th, 
70th, 90th, 95th and 99th), and corresponding changes in net shortwave 
(SWNET), longwave (LWNET), sensible (HFX) and latent (LH) heat flux 
with the interquartile range shown as dotted vertical lines to show 
spatial variability. These results are averaged over grid cells with crop 
fraction greater than 60% only. SWNET was computed as incoming solar 
radiation multiplied by 1 minus the albedo. For LWNET, downwelling 
longwave radiation at the surface was obtained directly from WRF 
outputs and upwelling longwave radiation was computed using surface 
temperature and emissivity from WRF outputs. 
Fig. 6 shows that generally, reductions in TMAX percentiles are 
larger for SWWA as compared to SEA, especially for experiments with 
larger increases in crop albedo. The corresponding changes in SWNET 
show a reduction of up to 70–80 W m− 2 for the +0.10 experiment, as 
expected. The increase in LWNET of up to 10–12 W m− 2 was due to the 
decrease in surface temperature resulting in a decrease in upwelling 
longwave radiation (and therefore an increase in LWNET). Median 
changes in downwelling longwave radiation were small ranging from 
− 3 to 3 W m− 2 with no clear pattern (not shown) and changes in surface 
emissivity were negligible (not shown). The overall decrease in net ra-
diation (SWNET plus LWNET) translates in a median decrease in HFX 
and LH of up to 40–50 W m− 2 and 15–20 W m− 2 respectively. The 
decrease in LH happens although there was an overall increase in surface 
soil moisture of 0.014 m− 3 m− 3 (Fig. S5) due to lower net radiation 
available to drive evapotranspiration. There were no cloud feedbacks 
with small and inconsistent changes in cloud fraction, incoming solar 
radiation and precipitation (not shown). The reduction in TMAX per-
centiles is largely driven by a reduction in net radiation, which reduces 
both latent and sensible heat fluxes, but does not affect the partitioning. 
This is illustrated in Fig. 7 showing the ratio of sensible to latent heat for 
SWWA and SEA respectively during October when changes where 
highest. The ratio remained the same for all experiments and the control, 
but only the magnitude decreased with increasing albedo perturbations, 
as shown by the scatter plots shifting to the left, going from the CNTL to 
the +0.10 experiment. 
To examine remote effects, especially in densely populated urban 
and peri-urban regions where crop albedo perturbations are not 
possible, we also examined changes in the mean maximum and highest 
maximum averaged across grid cells with different population densities, 
obtained from the Australian Bureau of Statistics (Fig. 1(f and g)), as 
illustrated in Fig. 8. Although the largest reductions in TMAX and MAX 
TMAX occur in less densely populated regions of SEA and SWWA, re-
ductions in MAX TMAX of approximately 0.3 ◦C can be obtained in the 
most densely populated regions, especially SWWA. 
Reductions in maximum temperature were higher for SWWA as 
compared to SEA, as evident in Figs. 2–6 and 8, and the most likely 
explanation is the larger reduction in sensible heat flux for SWWA as 
compared to SEA (Fig. 6). To quantify this, we examine the land- 
atmosphere metric, IA (Eq (1)), which is the covariance of the 
maximum temperature and the sensible heat flux at the hour that the 
maximum temperature occurs. This is illustrated in Fig. 9 showing 
contour plots of IA for the +0.10 experiment for October (experiment 
with largest change) for SWWA and SEA respectively, only over grid 
cells with >0.6 crop fraction. IA is higher in magnitude for SWWA as 
compared to SEA, and also higher over a larger area in SWWA as 
compared to SEA, which explains the stronger response. This is consis-
tent with previous work examining land-atmosphere coupling strength 
over Australia which has also identified SWWA as a hot-spot and weaker 
coupling over SEA (Hirsch et al., 2019a, 2015b, 2014). 
4. Summary and conclusions 
Recent studies which have investigated the potential for altering 
land-use to reduce regional warming in Australia have typically focused 
on urban land-use, via the use of green and cool roofs, urban greening 
and irrigation (e.g., Imran et al., 2018, 2019; Jacobs et al., 2018). The 
Fig. 5. Same as in Fig. 4 except showing the change in highest monthly maximum.  
J. Kala and A.L. Hirsch                                                                                                                                                                                                                       
Weather and Climate Extremes 30 (2020) 100282
8
Fig. 6. 1st, 4th, 10th, 30th, 50th, 70th, 90th, 95th and 99th percentile median changes in TMAX (EXP-CNTL) and corresponding percentile changes in net shortwave 
radiation (SWNET), net longwave radiation (LWNET), sensible heat flux, and latent heat flux heat fluxes. Results are averaged across all grid cells with a crop fraction 
greater than 60% across domains 2 (grey for SWWA) and domain 3 (blue for SEA) respectively (refer to Fig. 1 for the extents of domains 2 and 3). Black dotted lines 
represent the interquartile range. 
Fig. 7. Scatter plots of sensible (HFX) versus latent (LH) heat fluxes for the control (CNTL) and all experiments (Table 1) for October, for SWWA and SEA. Results are 
only shown over grid cells with greater than 60% crop fraction. 
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very large expanse of managed agricultural land-use in Australia pre-
sents an opportunity to investigate the potential for land surface radia-
tion management at much larger spatial scales. However, all studies to 
date have used global models, with coarse spatial resolutions that are 
not able to adequately resolve the two key agricultural regions of 
Australia (Hirsch et al., 2017). We investigated for the first time, the 
potential for agricultural land use management to reduce regional 
warming via crop albedo enhancement at a 10 km resolution focusing, 
on the two key agricultural regions of Australia, SWWA and SEA. 
We found that increasing crop albedo by 0.1 lead to reductions of 
− 1.0 ◦C to − 1.2 ◦C for the mean maximum, and − 1.4 ◦C to − 1.6 ◦C for 
the highest maximum. These reductions are approximately 3 times as 
large as compared to Hirsch et al. (2017) who report relatively small 
changes in the annual maximum temperature over the Australian 
continent of approximately − 0.25 ◦C to − 0.5 ◦C when crop albedo is 
increased by 0.1 (refer to Fig. 2(d) of Hirsch et al., 2017). There may be 
several reasons for this. At coarse GCM resolutions of 1.9◦ by 2.5◦ de-
grees in Hirsch et al. (2017), the crop fraction per grid cell will be small, 
and results averaged over the entire grid cell will inviably be smaller, as 
compared to RCM simulations at 10 by 10 km resolution. It is also 
possible that the Noah land surface model in WRF responds more 
strongly to albedo perturbations as compared to CLM in CESM in the 
study by Hirsch et al. (2017). Results from our domain 1 (not shown), 
which has 50 km resolution, as compared to the 10 km domains over 
SWWA and SEA, showed similar magnitudes of cooling, suggesting that 
at least part of the differences may be due to different land surface 
models, rather than resolution alone. Testing this would require running 
the same version of the CLM land surface model used by Hirsch et al. 
(2017) in WRF, however, this is outside the scope of this study. 
Hirsch et al. (2017) classified SEA as a region whereby irrigation 
would be the preferred cooling mechanism, assuming unlimited water 
supply. Given drought conditions in SEA and large uncertainties for 
future water supply in this region (van Dijk et al., 2013), our results 
would suggest that albedo modification may well be a more realistic 
option. Our results also showed a stronger cooling response in SWWA as 
compared to SEA, a result which was not captured by Hirsch et al. 
(2017) due to a coarse longitudinal resolution of 2.5◦ which captured 
the cropping regions of SEA, but not SWWA. While studies using coarse 
resolution global climate models can be very useful, our results show 
that they can miss entire cropland regions whereby regional cooling can 
be achieved using land-based agricultural radiation management. 
The magnitude of regional cooling for the monthly highest maximum 
ranged from − 1.4 ◦C to − 1.6 ◦C. This is a similar order of magnitude to 
the observed difference in maximum daily temperatures between El 
Nino and La Nina years in Australia (Arblaster and Alexander, 2012). 
Hence, by simply increasing crop albedo, we obtain changes which are 
comparable to the effects of natural climate variability. However, there 
are several caveats which need to be taken into consideration. Our 
simulations are idealized and designed to investigate the maximum 
possible response. Increasing crop albedo across such large areas is 
unlikely to be practical in reality for several reasons. Firstly, we did not 
consider different types of crops (e.g., wheat, barley, canola), which is a 
limitation of the model only having a generic crop type. Explicitly rep-
resentation of particular crop types, e.g., winter growing wheat, is 
becoming more common in land surface models (e.g., Lu et al., 2017), 
and this would allow for more accurate representation. Additionally, we 
did not consider other key crop physiological parameters, such as water 
use efficiency. For example, crops with higher albedo and low water use 
efficiency may not be a viable option, especially under a drying climate. 
Finally, while the WRF model is widely used, all simulations used the 
same land surface model, and it is well documented from land surface 
model inter-comparison projects, that results from land-use change/-
modification experiments can vary widely depending on the land sur-
face model used within climate models (e.g., Boisier et al., 2012; de 
Noblet-Ducoudré et al., 2012). Hence, it would be worthwhile to test 
different land surface models, such as the Community Land Model 
Fig. 8. Median changes (EXP minus CNTL) in mean maximum temperature (TMAX), and highest maximum (MAX TMAX) average across grid cells with populations 
of 0–500, 500–2000, and 2000–5 000 per square kilometre for each experiment (Table 2). Dotted black lines represent the interquartile range. 
Fig. 9. Land-atmosphere coupling metric IA (Eq (1)) for SWWA (left) and SEA (right) for the +0.10 experiment for October, averaged across all years and ensembles. 
Strong land-atmosphere coupling is defined as IA greater than 0.2. 
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(CLM5), which is now available in WRF. Nonetheless, our results are 
encouraging, and show that agricultural land-surface radiation man-
agement could be a viable adaptation option for Australia. The larger 
cooling response over SEA during El Niño versus La Niña years, high-
lights the effectiveness of albedo enhancement at times when warmer 
than average conditions are expected. 
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